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1 
Abstract 
When a school experiences a highly visible, traumatic event, such as a shooting or natural 
disaster, there is an expectation that teaching and learning at the school will be affected. In 
certain cases, such as after the shooting at Sandy Hook Elementary School in Connecticut, 
authorities have even taken actions to waive affected schools from testing accountability 
requirements, reflecting a belief that violence and trauma impact teaching and learning. 
However, the effects of gun violence and other types of violent crime extend far beyond high-
profile events. Children attend school in dangerous neighborhoods around the nation where 
violence is an almost-daily occurrence. Past research has found exposure to violence to be 
associated with negative cognitive, behavioral, and mental health outcomes at the individual 
student level, but this issue has not been examined at the school level. This paper seeks to answer 
the following research question: does geographic proximity to violent crime affect a school’s 
performance? To examine the relationship between violent crime and school performance, I 
conduct a quantitative analysis, taking advantage of geo-coded data to examine crime as a factor 
that affects schools. Using GIS, I plot the locations where violent crimes occur and compare 
them to the locations of schools in the area. I control for other variables that are known to affect 
student achievement, such as student socioeconomic characteristics and teacher quality. This 
allows me to see whether an association exists between proximity to violence and school 
performance. I find a statistically significant and negative association between proximity to 
violence and test score results in the majority of models (9 out of 16).   
 
 
 
 
2 
Acknowledgments 
 
First of all, I would like to thank Professor Paul Manna for his invaluable support and 
advice. Professor Manna has been a wonderful mentor throughout my thesis process, setting high 
expectations for my work and helping me achieve them. This project absolutely would not have 
been possible without his guidance. I would also like to thank Professor Salvatore Saporito and 
Professor Melissa McInerney for serving on my committee and offering their feedback, and 
Professor Saporito for guiding me in my use of GIS and attendance boundary data. Professors 
Ken Meier (Texas A&M University) and Susan Moffitt (Brown University) provided valuable 
feedback at the Midwest Political Science Association conference, as did other attendees at 
presentations and poster sessions throughout the year. I am also extremely grateful to the 
William & Mary Honors Fellowships program, the staff at W&M’s Roy R. Charles Center, and 
the generous donors who helped to support my research with a W&M Honors Fellowship.   
I would like to give my heartfelt thanks to Keenan Kelley, Rachel Brooks, Molly 
Michie, Rachel Lienesch, Rob Marty, Dan Casey, and Ashley Napier for their endless supply of 
ideas, assistance, energy, and comfort throughout the process—this project would have been 
impossible without them. Finally, I would like to thank Julia Kihm, Samantha Payne and Elana 
Urbach for their love and support.  
3 
Introduction 
When a school experiences a highly visible, traumatic event, such as a shooting or natural 
disaster, there is sometimes an expectation that the affected school should be exempt from 
academic performance standards. In certain cases, such as after Hurricane Katrina in Louisiana 
or the shooting at Sandy Hook Elementary School in Connecticut, federal and state authorities 
have taken actions to waive affected schools from testing accountability requirements (Peralta 
2013; Romano and Vedantam 2005). These types of large-scale tragedies garner the attention of 
the media and the public, drawing attention to violence in society and its effect on children. In a 
school accountability environment focused on high-stakes testing, the waiving of testing 
requirements at these select schools would seem to reflect a widely held belief that violence and 
trauma impact teaching and learning. 
However, the effects of gun violence and other types of violent crime extend far beyond 
these high-profile events. Sadly, children attend schools in dangerous neighborhoods around the 
nation where violence is an almost-daily occurrence. There is a long literature in psychology and 
sociology of studies examining youth exposure to violence. These studies examine child 
victimization by violence, but they also extend beyond direct exposure to more indirect effects of 
community violence; children do not have to be direct victims of violent crime to be affected. 
Exposure studies have examined direct and indirect measures of violence exposure, looking at 
everything from directly witnessing a violent event to hearing the violence transpire (i.e., hearing 
gunshots), to hearing or knowing about violent incidents, to knowing people who are victims or 
perpetrators of violent crime (Stein et al. 2003; Buka et al. 2001).  
Several studies in U.S. cities have used age-appropriate tests such as the “Things I Have 
Seen and Heard” survey, developed by researchers at the National Institutes of Mental Health, to 
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determine to what extent children are exposed to violence in their communities (Richters and 
Martinez 1990). For example, in one study of children in a moderately violent neighborhood in 
Washington, D.C., 31 percent of 4th and 5th graders reported witnessing a shooting, 9 percent 
reported witnessing a murder, and 23 percent reported having seen a dead body outside. Child 
and parental reports of victimization were also not insignificant, but reports of rates of 
witnessing tended to be two to four times as high as rates of victimization, leading the authors to 
conclude that witnessing violence is an additional public health concern (Richters and Martinez 
1993a). A study of children in Chicago’s south side found that 26 percent of elementary school 
children had seen someone shot; among high school students, a full three quarters of those 
surveyed had witnessed a robbery, stabbing, shooting, and/or killing (Bell and Jenkins 1993). In 
another study, 10 percent of children ages 1-5 attending a Boston pediatric clinic had witnessed a 
knifing or shooting (Taylor et al. 1994). These studies only provide a snapshot of youth violence 
exposure around the U.S., but they do illustrate that rates of youth exposure to violence can be 
high, even in neighborhoods that are only categorized as “moderately violent” (Stein et al. 2003).  
Although exposure to violence clearly affects children far beyond incidents like Sandy 
Hook, efforts to account for the effects of violence on schools in chronically violent 
neighborhoods have fallen short. The No Child Left Behind Act (NCLB) requires states to 
establish criteria to categorize schools as “persistently dangerous” and to allow parents to 
transfer their children out of a school if it qualifies as such. However, observers have noted 
multiple problems with this policy. First, the “persistently dangerous” standards usually focus on 
violence within schools, ignoring factors in the surrounding neighborhoods—even when studies 
have suggested that violence in the community is a significant problem independent from school 
safety. For example, 5th and 6th graders in one survey study of exposure reported that 68 percent 
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of the violence they had witnessed occurred near their homes, and 7 percent took place in their 
homes. Only 9 percent took place in school (Richters and Martinez 1993a). Another critique of 
the “persistently dangerous” provision points to the fact that state boards of education are 
allowed to set their own standards for what counts as a “persistently dangerous” school. Having 
numerous schools with this designation in one’s state or district is not desirable; as a result, 
standards are set unreasonably high and very few schools are categorized in this way. The 
“persistently dangerous” categorization has come under fire from observers as a particularly 
useless provision of NCLB (Klein 2007).  
If an empirical relationship exists between neighborhood violence and school 
performance, it could have important implications for accountability policies that take into 
account school performance. Even as states begin to receive waivers from No Child Left 
Behind’s strictest Adequate Yearly Progress accountability requirements, school-level test score 
measures are likely to be an important metric in future education policies. It is therefore crucial 
to understand what characteristics of schools, neighborhoods, and families affect these scores.  
To examine the relationship between neighborhood violence and educational 
achievement, I conduct a large-N quantitative study looking at schools in Philadelphia and 
Atlanta. Using geo-coded crime data from city police departments, I measure each school’s 
proximity to violence and see if, after controlling for other factors known to be related to student 
achievement, geographic proximity to violent crime is associated with the school’s test scores. 
My research will address the following question: Does geographic proximity to violent crime 
affect a school’s performance? I run sixteen ordinary least squares regression models analyzing 
test scores as the dependent variable, with different specifications of schools, years, control 
variables, standardized test subjects, and operationalizations of proximity to violence. Nine 
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models out of the sixteen find that school proximity to violence has a statistically significant 
negative association with student achievement outcomes.  
 
Theoretical Framework 
My paper draws on three major bodies of prior research. First, I consider work on the 
broader ways neighborhood characteristics and environments affect individuals. Next, I draw on 
work that has studied the effects of violence and trauma on individual children. Finally, I 
consider studies that look at the factors that affect academic performance at the school level. 
 
Neighborhood Effects on Individuals 
Scholars have highlighted the critical importance of studying neighborhood factors rather 
than solely individual-level or family-level ones (Leventhal and Brooks-Gunn 2000). Literature 
in this area, while not always directly related to violence, can help determine whether how 
community violence could affect student outcomes. In studying child development in particular, 
it is important to take a holistic view of a child’s growth and development, situating it in the 
entire ecological system he or she is growing up in. Different spheres of influence (everything 
from peers, schools, parents, and neighbors, to broader political and economic contexts) all work 
together to affect development (Bronfenbrenner 1979). Neighborhood effects on individuals 
have been studied through several frameworks, most notably organized into five models by 
Jencks and Mayer (1990). Jencks and Mayer’s models are: 1) institutional resource models, 
where neighborhood resources affect child development; 2) collective socialization models, 
where exposure to different types of adult role models outside the home affect child 
socialization; 3) contagion models, where deviant behaviors among some members of a 
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neighborhood can influence peers; 4) competition models, where members of a neighborhood 
compete for scarce resources, and 5) relative deprivation models, where individuals evaluate 
their situation relative to others in their neighborhood. These models are not mutually exclusive 
and can influence individuals in complex ways. These ways of thinking about neighborhood 
effects on individuals guide my understanding of the factors that affect child development, 
informing my choices of control independent variables as well as my understanding of 
neighborhood disadvantage more generally. 
These frameworks illustrate the myriad ways that environment can influence youth 
outcomes, revealing the complex mechanisms at work and the difficulties of isolating any one 
factor. The body of scholarship on neighborhood research has informed my research design and 
my understanding of the limitations of my work. Many scholars have cited the difficulties of 
neighborhood-based research. First, simultaneity could be a problem; children and families are 
affected by their surroundings, but at the same time, they affect these surroundings. Second, 
neighborhood studies often suffer from omitted context variables, where the difficulties of 
measuring various aspects of neighborhoods (social networks, resources, safety, and so on) make 
it difficult to properly study their effects. Third, neighborhood studies must deal with problems 
of selection bias, as neighborhood residence is not random; families choose to live in a 
neighborhood and neighborhood residence is related to a number of family and individual 
characteristics that may be difficult to control for. Because of these difficulties, some argue that 
neighborhood effects are often overestimated in academic literature. Others argue that 
neighborhood studies actually underestimate the effects of neighborhoods because they often do 
not include an adequate variation in types of neighborhoods (Leventhal and Brooks-Gunn 2000). 
Many cite the importance of including adequate control variables in studies attempting to isolate 
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any sort of neighborhood effect.  
 
Individual-Level Studies: Violence and School Performance 
Extensive research has also examined the relationship between violence and child 
outcomes at the individual student level. This research usually uses survey responses to 
illuminate some of the detrimental effects that exposure to violence can have on school-age 
children by interviewing children or their parents and then using individual-level measures to 
estimate effects. Scholars have found an association between a child’s exposure to community 
violence and a variety of negative cognitive and behavioral outcomes.  
These individual-level studies have pointed to many mechanisms that may lead 
neighborhood violence to affect student outcomes. For instance, exposure to violence has been 
associated with detrimental psychological and behavioral consequences. Exposure to 
neighborhood violence has been found to be associated with mental health concerns such as 
increased depression and anxiety and increased perceptions of danger (Richters and Martinez 
1993b; Aneshensel and Sucoff 1996). Youth in dangerous neighborhoods are more likely to 
engage in assaultive behavior and to report carrying dangerous weapons (Patchin et al. 2006). 
Many have studied symptoms of post-traumatic stress disorder (PTSD) among children exposed 
to trauma (Margolin and Gordis 2000). Lyons (1987) finds symptoms of PTSD even in children 
who have only witnessed one violent incident. Pynoos and his colleagues (1987) confirmed these 
findings in their case study of a schoolyard sniper shooting in Los Angeles, finding substantial 
evidence of distress symptoms among children at the school. These symptoms were positively 
associated with children’s proximity to the incident, whether they knew the deceased child, and 
whether they had experienced other traumatic events over the course of the year.  
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Violent communities also affect children in more indirect ways. A subset of the literature 
investigates the ways in which community violence affects family environments and parenting 
styles. There are multiple lines of thought on this issue. It is possible that parents work to 
mediate the harmful effects of violence by restricting exposure, especially for younger children. 
Alternately, living in a dangerous neighborhood could affect parenting styles in ways that would 
be detrimental to child development. In more dangerous neighborhoods, parents are more likely 
to restrict their children’s access to potentially enriching neighborhood resources, such as 
libraries, extracurricular activities, and adult mentors; more time spent in the home could have a 
detrimental effect on learning. Furthermore, when faced with external dangers, parents have been 
shown to adopt more controlling and less “warm” parenting behaviors, which could affect child 
development (Furstenberg 1993; Chase-Lansdale et al. 1997).  
This literature also suggests that children of different ages likely experience violence in 
different ways. Aber et al. (1997) hypothesize that children in early developmental stages may 
have violence exposure mediated by parental influence and control. At this stage, neighborhood 
effects would be more highly mediated by the family. As children age and mature, however, the 
authors speculate that children begin to interact more directly with the neighborhood; the effects 
of factors such as community violence could be stronger for older children. This hypothesis is 
confirmed by findings in exposure surveys, which consistently find that older children tend to 
have more experiences being exposed to various types of violence (Bell and Jenkins 1993; 
Richters and Martinez 1993a). 
In terms of academic outcomes specifically, at the individual level, scholars have found 
school and neighborhood violence to be associated with lower attendance, more trouble with 
school authorities, lower grades, lower teacher ratings of student functioning, lower graduation 
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rates, and lower college attendance rates (Bowen and Bowen 1999; Henrich et al. 2004; Ozer 
2005; Grogger 1997). One study in Chicago found that children exposed to homicides that 
occurred less than a week before they took standardized tests did significantly worse (Sharkey 
2010). Violence in schools has also been shown to be negatively associated with standardized 
test outcomes (Burdick-Will 2013).  
Children do not necessarily need to be exposed to trauma themselves to be academically 
affected. One study in Florida looking at domestic violence in particular found that an increase in 
the number of children from troubled families in a classroom was associated with statistically 
significant decreases in peer math and reading scores and statistically significant increases in 
peer disciplinary infractions and suspensions (Carrell and Hoekstra 2008). These findings are 
particularly pertinent to the idea of neighborhood effects; not all children in a classroom would 
need to have been directly exposed to violence for the effects to be felt. This “externality” 
phenomenon could be one more indirect way that neighborhoods affect the classroom. While 
individual exposure could vary within the classroom, certain students’ traumatic experiences 
could have an aggregate affect. 
 
Factors Affecting School-Level Achievement 
There is a significant body of literature that examines what factors affect school-level 
academic performance. In their review of this literature, Fowler and Walberg (1991) identify 
seven variables that are most closely associated with school-level academic achievement: 1) the 
percentage of low-income students in a school; 2) the school’s size; 3) the number of schools in 
the district; 4) the percentage of teachers in the school with a bachelor’s degree; 5) the pupil-to-
teacher ratio; 6) the average teacher salary; and 7) the broader socioeconomic status of the 
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district. These findings inform my understanding of variables I will need to hold constant in my 
model in order to fully understand the effect of violence. 
 
Hypotheses 
If individual student exposure to violent incidents is associated with negative outcomes, it 
is reasonable to believe that a similar effect would occur at the school level—that is, that a 
school’s spatial proximity to violence may be associated with its academic performance. My 
research will therefore expand on the current individual-level literature to examine the effects of 
neighborhood violence with schools as the unit of analysis. This is an important extension, as it 
is schools, not individual students, that are held responsible for academic performance in 
accountability regimes like NCLB.  
My main hypothesis is as follows: 
 Increased school proximity to neighborhood violence is negatively associated with the 
percentage of students at the school who are proficient or advanced on state exams. 
In keeping with the literature describing ecological perspectives on child development, as 
well as the individual-level literature documenting negative psychological, cognitive, and 
behavioral effects of exposure to violence, I expect that children who attend school in more 
violent neighborhoods would not perform as well on indicators of academic achievement as 
children who attend school in less violent neighborhoods. I expect this trend to hold for both 
reading and mathematics assessments. In keeping with the concerns in the “neighborhood 
effects” literature about the difficulties of isolating the effects of specific neighborhood factors, I 
also include several other independent variables as control measures. Holding these variables 
constant will allow me to see whether an association exists between a school’s proximity to 
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violence and its academic achievement.  
 
Data and Methods 
Case Selection 
To test my hypothesis, I conduct a quantitative, large-N study using ordinary least 
squares regression. The scope of this project is partially constrained by the availability of data; 
not all municipal units publish the large geo-coded crime databases that are necessary for my 
study. The research is therefore necessarily limited to large urban areas, since suburban police 
departments and rural areas generally do not publish such information. Even among large urban 
areas, not all cities publish these data. I therefore constrain my analysis to two cities that do 
publish geo-coded databases of police crime data: Philadelphia and Atlanta.  
Since neighborhood researchers have emphasized the importance of including diverse 
types of locations in order to be able to fully capture neighborhood effects, and data availability 
limits the diversity of neighborhoods and schools I am able to consider, it is therefore important 
to ensure that, as much as possible, the urban areas included in the analysis have a diverse range 
of characteristics. Table 1 provides descriptive information on basic characteristics of the two 
cities. The two cities I have chosen differ in terms of their overall levels of violence. In 2012, for 
example, Atlanta had a violent crime rate of 1379 per 100,000 residents, while Philadelphia’s 
was 1142 (Federal Bureau of Investigation 2013). The cities also differ in size; Philadelphia is an 
extremely large metropolitan area (with a population of around 1.5 million), while Atlanta is 
relatively small (with a population of approximately 444,000).  
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Table 1. Descriptive characteristics of cities (2010-2011)  
 Atlanta Philadelphia National Average 
Population 443,755 1,547,607 313,914,040 
Area (square miles) 133.15 134.10 3,531,905.43 
Population Density (people per square mile) 3154.3 11,379.5 87.4 
Violent crime per 100,000 people 1379 1142 386.3 
Percent nonwhite 61.6% 59.0% 34.1% 
Percent below poverty line 23.2% 25.6% 14.3% 
Median household income $45,946 $36,957 $52,762 
Gini coefficient (income inequality) 0.5818 0.5065 0.4750 
 
Furthermore, the neighborhoods and schools considered within each city are relatively 
diverse. Within each of these cities, there is significant variability among the schools in terms of 
school performance, levels of violence, demographic characteristics of students, and school 
quality-related measures. Descriptive statistics for schools considered in each model are listed 
below, and illustrate the fact that there is significant variability among the schools in my sample 
in terms of a range of different characteristics (see Tables 6-7, 9-10, 12, 14-15, and 17).  
I draw from data from the 2008-2009, 2009-2010, 2010-2011, and 2012-2013 school 
years. Since not all variables are available for all years, I include multiple specifications of my 
model, some with more years included, and some with more control variables included.   
 
Dependent Variables 
To operationalize my dependent variable, student achievement, I use state standardized 
test score data as reported by the Pennsylvania Department of Education and the Georgia 
Department of Education (Pennsylvania Department of Education Data and Statistics 2013, 
Georgia Department of Education 2013). In Pennsylvania, the Pennsylvania System of School 
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Assessment (PSSA) tests students in grades 3 through 8, and 11 in math, reading, science and 
writing. In Georgia, the Criterion-Referenced Competency Tests (CRCT) assess students in 
grades 1 through 8 in English/Language Arts, mathematics, science and social studies. The 
Georgia High School Graduation Tests (GHSGT) assess students in English/Language Arts, 
mathematics, science, and social studies. I use the reading (English/language arts) and 
mathematics tests since they are the most commonly used metrics of school performance in 
accountability systems. For accountability purposes, both state education agencies publish data 
that aggregates the scores of all of the grade levels assessed in each school, giving a combined 
school score as well as scores disaggregated by grade. I use the aggregate school value for the 
percentage of students scoring “proficient” or “advanced” on the test (in Georgia, referred to as 
“meeting or exceeding expectations” on the test) in reading or mathematics to represent overall 
performance at the school level. Since the tests in the two states are measured on different scales, 
they cannot be compared to each other, but schools taking the same test within the same city can 
be compared.  
 
Independent Variables: School Proximity to Violence 
The main independent variable of interest is school proximity to community violence, 
which I calculate using geo-coded crime data from city police departments. I calculate each 
measure of proximity to violence using geographic information systems software that allows 
users to plot data points that are geo-coded with latitude and longitude values and to run various 
types of spatial analyses using the points.  
First, I plot the locations of schools, using school latitude and longitude coordinates from 
the Common Core of Data, a database published by the National Center for Education Statistics 
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(NCES). Figure 1 is a map I produced in ArcMap by plotting the locations of all the schools 
included in the NCES database for Philadelphia in the 2010-2011 school year.   
Figure 1. Schools in Philadelphia, 2010-2011 school year  
 
(Yellow=elementary, green=middle, red=high; blue=other) 
The Common Core of Data sometimes lists different latitude and longitude coordinates 
for each school for each of the three school years it provides data for (2008-2009, 2009-2010, 
and 2010-2011), but a brief analysis of the addresses for each school for each year suggests that 
most schools did not change locations; this change in latitude and longitude coordinates does not 
appear to reflect a true change in location. I therefore use the most recent available school 
location data (from 2010-2011) for all calculations, making the assumption that it is the most 
accurate.  
Next, I plot the locations of crimes using geo-coded crime data published by city police 
departments. The two cities’ downloadable crime databases differ slightly, but they share 
important variables that are necessary for my analysis: the date and time the crime occurred, the 
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type of crime categorized according to the FBI’s Uniform Crime Reporting (UCR) system, and 
latitude and longitude coordinates for the location of the crime. The databases contain different 
types of incidents, but they both include the most severe “Part I” offenses, the eight most serious 
crimes as categorized by the FBI—homicide, rape, arson, aggravated assault, robbery, larceny, 
car theft, and burglary. For my study, in accordance with my theoretical framework about 
exposure to violence and trauma, I have decided to focus specifically on homicide and 
aggravated assault. Rape and robbery are technically classified as violent crimes as well, but 
scholars speculate that rape incidents are subject to reporting bias and definitional ambiguities. 
Robbery is subject to definitional ambiguities as well (Mosher et al. 2002). 
Measurement issues arise in the official reporting of all crimes. Police are not aware of all 
incidents, and even when authorities are on the scene there may be definitional ambiguities that 
make situations difficult to classify. However, a primary source of these ambiguities is 
differences in reporting, classification and diligence across different municipalities (Mosher et 
al. 2002). Since all of my models examine crime within a single municipal unit, many of these 
problems will not apply. Furthermore, previous work has supported the validity of official crime 
reporting systems, especially for the most severe offenses (Gove et al. 1995).  
The Philadelphia crime data are available on the website of OpenDataPhilly, a nonprofit 
organization that makes datasets from various sources available to the public. This dataset was 
originally created by the Philadelphia Police Department, and includes crime from January 1, 
2006 through the present (Philadelphia Police Department 2013). The Atlanta data are available 
on the website of the Atlanta Police Department, which provides a downloadable data file 
including crimes from 2009 to the present (Atlanta Police Department 2013). I plot these crime 
data using latitude and longitude coordinates included in the dataset. For each city in each year, I 
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include crimes occurring between the first day of school and the first date that the state’s 
standardized test was administered in that year. While children will of course be exposed to and 
affected by crimes occurring in the months and years before any particular school year started, I 
consider my measure to be a valid standardized way to measure a school’s proximity to violence. 
Previous work has used violence occurring in close temporal proximity to testing dates to 
calculate the effect of violence on school performance (see, for example, Sharkey 2010). Since 
my study does not use individual-level data that can trace single students’ movements across 
schools and neighborhoods, it is impossible to know whether a given student has been in the 
same school or area in previous years. Furthermore, crime in any one year is strongly correlated 
with crime the next year. Therefore, I only use crime measures from the school year leading up 
to the test. To provide a snapshot of what the crime mapping process looks like, I have included 
Figure 2A, which shows a map of Philadelphia with all of the 2010-2011 Part I offenses plotted, 
and Figure 2B shows a density map of these points. 
Figure 2: Plotting geo-coded crime data 
       A. Violent crimes, Philadelphia, 2010-2011                        B .Violent crime density map,  
                          Philadelphia, 2010-2011  
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I use two different methods to measure a school’s proximity to violence, each intended to 
capture a different aspect of community violence exposure. First, I use 0.5-mile buffer radii 
constructed around each school and use ArcMap to count the number of crimes occurring within 
the radius during the specified time period. Second, I use the school’s attendance boundaries or 
catchment zones, calculating a per capita measure of the number of crimes occurring within the 
boundary during the specified time period. The buffer radius measure captures crimes that are in 
close proximity to the school’s location, measuring danger in the immediate surroundings of the 
school. The attendance boundary measure captures crimes in the neighborhoods where students 
who attend the school live. Next, I describe my methods for calculating each measure of 
proximity to violence.  
Buffer Radius Measure 
I use ArcMap to construct 0.5-mile buffers around each school, making circles with a 
radius of 0.5 miles that radiate out from each school. Figure 3 is a map of the schools with 
buffers constructed around them.  
Figure 3: Philadelphia schools with 0.5-mile buffer radii 
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For each crime in each year, I use a spatial join to link the buffer layer to the crime data 
layer, counting the number of crimes of each type contained within the buffer radius for each 
school. Figure 4A is an inset in Philadelphia indicating the buffer radii with counts of crimes 
contained within them. Figure 4B shows the school points with their crime counts, shaded by 
crime level. The measure I use to determine each school’s proximity to violent crime is the sum 
of the homicides and aggravated assaults occurring within the school’s 0.5-mile buffer zone 
during the time period in question—in this case, the days between the first day of school and the 
first day of the state’s standardized testing for each year.  
Figure 4: Philadelphia schools with 0.5-mile buffer radii 
               A. Buffers and crimes, inset                                         B. Schools with crime counts 
                  !
 
Attendance Boundary Measure 
To calculate my second measure of proximity to crime, I use school attendance boundary 
data files from the School Attendance Boundary Information System (SABINS), an initiative of 
the College of William & Mary and the Minnesota Population Center. School attendance 
boundaries for the 2009-2010 school year are available for download for both cities on the 
SABINS website (www.sabinsdata.org). The boundaries are different for each grade, so I used 
the files for 3rd, 7th, and 11th grade, which captures the maximum number of schools.  
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As with the buffer zone calculation, I use a spatial join to link the attendance boundary 
layer to the crime point file, counting up the number of crimes occurring within the boundary for 
a specific year. Figure 5A shows Philadelphia with the 2009-2010 12th grade attendance 
boundaries, and Figure 5B shows Philadelphia with 2009-2010 3rd grade attendance boundaries 
shaded by level of violence. 
Figure 5: Attendance boundary calculations 
             A. Philadelphia schools with 2010-2011           B. Philadelphia schools with 2010-2011 
                 12th grade attendance boundaries                   3rd grade boundaries, by crime level!
            
 
In order to standardize this measure across different sizes of attendance boundaries, and 
approximate the level of exposure to violence for an individual child, I divide the crime count for 
each boundary by the population of the boundary, generating a per capita measure. To do this, I 
use census block data files for each city provided by the U.S. Census Bureau. The blocks are 
small geographic units that contain information about residents from the 2010 U.S. census (U.S. 
Census Bureau 2010). I sum up the population of all the blocks that have their center in the 
school attendance boundaries to generate a measure of the total population for each boundary. 
Using ID numbers assigned to each boundary and each school, as well as a “crosswalk” 
table provided by the SABINS website to connect the two, I link the crime counts and population 
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values within each boundary to the schools in my sample. Each boundary is usually associated 
with one school in a one-to-one relationship, but occasionally there will be a situation in which 
the relationship is many-to-many. This occurs when a school receives children from multiple 
attendance boundaries or an attendance boundary serves multiple schools. In the case of a 
boundary serving multiple schools, I divide the crime and population measures by the number of 
schools served by the boundary, allocating a portion of the crimes and people in the boundary to 
each school it serves. In the case of a school being served by multiple boundaries, I sum up the 
crime and population counts from each boundary that serves the school. I then generate a per 
capita crime measure for each boundary by dividing the crime counts by the measure of 
population for the boundary.    
 
Independent Variables: Control Measures 
In addition to this measure of violent crime, I include several other independent variables 
that are known to affect school performance in order to attempt to isolate the effect of proximity 
to violence. I base my choice of these variables on prior research that has examined what affects 
academic achievement at the school level, particularly Fowler and Walberg’s review of the 
literature on the topic, which cites the importance of school quality measures, such as teacher 
experience, pupil-teacher ratio, and average teacher salary, as well as student demographic 
characteristics such as the percentage of low-income students in a school. My choices of control 
variables are limited by the data that are available at the school level for these districts in certain 
years. In various models, depending on the year, I am able to use different combinations of 
control variables. Many of these variables are available from the National Center for Education 
Statistics Common Core of Data. Others are published on the websites of the Pennsylvania 
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Department of Education and the Georgia Department of Education, or through affiliated school 
report card websites run by these agencies.  
I include the following control variables if they are available in a given year. The 
percentage of students in a school who are eligible to receive free or reduced lunch is used as a 
proxy for student socioeconomic status. For Philadelphia in the 2012-2013 school year, I instead 
use a measure published by the Pennsylvania Department of Education describing the percentage 
of students who are economically disadvantaged in each school.12 The percentage of students 
who are nonwhite (including Hispanic students) in a school is used as a measure of the racial 
makeup of the student body at the school. The percentage of students defined as English 
language learners by the district is used to control for this specific aspect of student background 
that may affect school performance.3  The school’s pupil-to-teacher ratio, or the ratio of students 
to teachers in a school, is used as one measure of the quality of instruction a school is able to 
provide. 4 Teachers’ average years of total teaching experience in the school is one measure used 
to approximate teacher quality.5 The average salary of the school’s teachers is used as another 
way to measure school resources and the monetary desirability of teacher positions at the school, 
which may be related to the quality of teachers the school is able to attract.6 Finally, the school’s 
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
1 These data come from the National Center for Education Statistics’ Common Core of Data for the 2008-2009, 
2009-2010, and 2010-2011 school years (National Center for Education Statistics 2013), and from the Pennsylvania 
Department of Education for the 2012-2013 school year (Pennsylvania Department of Education 2013). 
2 This measure is calculated using data on the racial breakdown of each school from the National Center for 
Education Statistics’ Common Core of Data for both cities (National Center for Education Statistics 2013) and from 
the Pennsylvania Department of Education for the 2012-2013 school year (Pennsylvania Department of Education 
2013). 
3 This measure is reported by the Pennsylvania Department of Education for the 2012-2013 school year 
(Pennsylvania Department of Education 2013).  
4 These data are reported by the National Center for Education Statistics’ Common Core of Data for the 2008-2009, 
2009-2010, and 2010-2011 school years (National Center for Education Statistics 2013).  
5 This measure is reported by the Pennsylvania Department of Education (for the 2012-2013 school year) and the 
Georgia Department of Education (for the 2008-2009, 2009-2010, and 2010-2011 school years) (Pennsylvania 
Department of Education 2013, Georgia Department of Education 2013). 
6 Teacher salary is reported by the Georgia Governor’s Office of Student Achievement (for the 2009-2010 and 2010-
2011 school years) (Georgia Department of Education 2013). 
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per-pupil expenditures (defined as total expenditures of the school divided by total enrollment at 
the school) are used to approximate the school’s financial resources.7 
 
Results 
Bivariate Relationships 
First, I examine the bivariate relationships between my main independent and dependent 
variables of interest. Scatterplots of these results are presented in Figures 6A-6H. I distinguish 
between traditional public schools (schools that are not charters or magnets), indicated in red, 
and nontraditional schools (charters and magnets), indicated in blue. All of these plots exhibit 
negative correlations, suggesting that schools with higher levels of neighborhood violence tend 
to have lower test scores. These results are merely descriptive; no control variables are included. 
Figure 6. Scatterplots: Proximity to Violence and Test Score Results 
 
A-B. Buffer Radius Measure of Violence, Philadelphia  
      
Blue=magnet and charter schools; Red=traditional public schools 
 
 
 
 
 !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
7 School expenditure data are reported by the Georgia Governor’s Office of Student Achievement (for the 2009-
2010 and 2010-2011 school years) (Georgia Department of Education 2013). Enrollment data are reported by the 
National Center for Education Statistics (National Center for Education Statistics 2013).  
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C-D. Attendance Boundary Measure of Violence, Philadelphia 
    
 
 
E-F. Buffer Radius Measure of Violence, Atlanta 
    
Blue=magnet and charter schools; Red=traditional public schools 
 
 
G-H. Attendance Boundary Measure of Violence, Atlanta 
    
 
 
25 
Tables 2A-2D present the results of bivariate regression models looking at these general 
trends. As suggested visually by the scatterplot fit lines, and as I would expect, all of the slope 
coefficients are negative. They are also all highly statistically significant, to the 0.01 level.  
Table 2. Bivariate Regressions 
 
A. Violent Crime (Buffer Radius Measure) and Test Scores, Philadelphia 
  Philadelphia, 2008-2011 
  Reading Scores Math Scores 
Violent Crime (Buffer Radius Measure) -0.223*** -0.170*** 
 (0.019) (0.021) 
Adjusted R-Squared 0.132 0.065 
N 954 954 
 
B. Violent Crime (Attendance Boundary Measure) and Test Scores, Philadelphia 
  Philadelphia, 2009-2010 
  Reading Scores Math Scores 
Violent Crime (Attendance Boundary Measure) -37.656*** -31.646*** 
 (5.25) (6.728) 
Adjusted R-Squared 0.191 0.090 
N 214 214 
 
C. Violent Crime (Buffer Radius Measure) and Test Scores, Atlanta 
  Atlanta, 2009-2011 
  Reading Scores Math Scores 
Violent Crime (Buffer Radius Measure) -0.118*** -0.227*** 
 (0.047) (0.073) 
Adjusted R-Squared 0.028 0.046 
N 180 180 
 
D. Violent Crime (Attendance Boundary Measure) and Test Scores, Atlanta 
  Atlanta, 2009-2010 
  Reading Scores Math Scores 
Violent Crime (Attendance Boundary Measure) -8.935*** -18.489*** 
 (1.781) (2.907) 
Adjusted R-Squared 0.225 0.322 
N 84 84 
 
Table 3 presents the correlation coefficients for these bivariate relationships. All of the 
correlations are negative, as I predict, and the relationships vary in strength. In general, the 
correlation coefficients for the attendance boundary models are larger than the buffer radius 
models, indicating that test scores in both cities are more highly correlated with the attendance 
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boundary measure of violence.  
Table 3. Correlation coefficients (r)  
(Philadelphia buffers for 2008-2011; Atlanta buffers for 2009-2011; Attendance boundaries for 2009-2010)  
  Philadelphia   Atlanta 
 Reading Scores Math Scores  Reading Scores Math Scores 
Violent Crime (Buffer Radius Measure) -0.364 -0.254  -0.184 -0.226 
Violent Crime (Attendance Boundary Measure) -0.442 -0.307   -0.485 -0.574 
 
Regression Results 
Next, I run sixteen ordinary least squares regression models with different specifications. 
For each city, I consider models with the buffer radius violence measure and models with the 
attendance boundary measure. I also differentiate between models that include all schools as 
their sample, and models that only include traditional public neighborhood schools (excluding 
charter schools and magnet schools). For the buffer radius measure models, I run the regressions 
with and without the nontraditional schools. For the attendance boundary measure models, I only 
use the traditional public neighborhood schools, as the boundary measure only makes sense 
when applied to this type of school. 
The years considered in each model vary depending on what data are available for those 
years. One set of buffer radius models in Philadelphia contains three years of data (the 2008-
2009, 2009-2010, and 2010-2011 school years) and a more limited set of controls, whereas 
another set of buffer models capitalizes on the information available in the 2012-2013 school 
year and features only that year with more control variables. The three-year model sacrifices 
inclusion of extra controls in order to achieve a larger-n sample with information about more 
years, while the one-year model sacrifices the large n-size in order to try a different model 
specification. The Atlanta buffer models include two years (the 2009-2010 and 2010-2011 
school years). Attendance boundary data are only available for these cities for 2009-2010, so all 
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of the boundary models only include data from that year. Table 4 outlines the sixteen models and 
their main features. 
Table 4. Regression Models 
 City School Years Included Measure of violence Schools Included Test Subject 
1 Philadelphia 08-09; 09-10; 10-11 Buffer Radii All Schools Reading 
2 Philadelphia 08-09; 09-10; 10-11 Buffer Radii All Schools Math 
3 Philadelphia 08-09; 09-10; 10-11 Buffer Radii Traditional Public Reading 
4 Philadelphia 08-09; 09-10; 10-11 Buffer Radii Traditional Public Math 
5 Philadelphia 12-13 Buffer Radii All Schools Reading 
6 Philadelphia 12-13 Buffer Radii All Schools Math 
7 Philadelphia 12-13 Buffer Radii Traditional Public Reading 
8 Philadelphia 12-13 Buffer Radii Traditional Public Math 
9 Philadelphia 09-10 Attendance boundaries Traditional Public Reading 
10 Philadelphia 09-10 Attendance boundaries Traditional Public Math 
11 Atlanta 09-10; 10-11 Buffer Radii All Schools Reading 
12 Atlanta 09-10; 10-11 Buffer Radii All Schools Math 
13 Atlanta 09-10; 10-11 Buffer Radii Traditional Public Reading 
14 Atlanta 09-10; 10-11 Buffer Radii Traditional Public Math 
15 Atlanta 09-10 Attendance boundaries Traditional Public Reading 
16 Atlanta 09-10 Attendance boundaries Traditional Public Math 
 
Philadelphia: Buffer Radius Models, 2008-2011 
First, I consider four ordinary least squares regression models using schools in 
Philadelphia. These models (models 5, 6, 7, and 8) use data from the 2008-2009, 2009-2010, and 
2010-2011 school years. As the measure of violent crime, the models use the buffer radius 
measure (i.e., the number of homicides and aggravated assaults occurring within a 0.5-mile 
buffer during the school year of interest). Two models (1 and 2) consider all schools within the 
city, including charter and magnet schools, while the other two models (3 and 4) only consider 
traditional public neighborhood schools, excluding charters and magnets. Table 5 presents 
descriptive statistics for the schools comprising the sample of Models 1 and 2; Table 6 presents 
descriptive statistics for Models 3 and 4.  
28 
Table 5. Descriptive statistics for all schools in Philadelphia, 2008-2009 – 2010-2011 
Variables Mean Std. Dev. Min Max 
Dependent     
   Percent proficient or advanced, reading test 50.581 19.954 6.3 98.7 
   Percent proficient or advanced, math test 55.851 21.794 0 100 
     
Independent     
   Violent crimes in 0.5-mile buffer radius 53.57 32.879 0 168 
   Pupil-to-teacher ratio 15.087 2.710 4.6 33.86 
   Percent minority 87.553 19.945 8.716 100 
   Percent free and reduced lunch 79.262 21.542 9.705 99.835 
   School is Elementary School 0.652 0.477 0 1 
   School is Middle School 0.093 0.291 0 1 
   School is High School 0.202 0.402 0 1 
   Data are from 2008-2009 0.278 0.448 0 1 
   Data are from 2009-2010 0.354 0.478 0 1 
   Data are from 2010-2011 0.368 0.483 0 1 
 
Table 6. Descriptive statistics for traditional public neighborhood schools in Philadelphia, 
2008-2009 – 2010-2011 
Variables Mean Std. Dev. Min Max 
Dependent     
   Percent proficient or advanced, reading test 47.454 18.288 6.3 89.3 
   Percent proficient or advanced, math test 54.129 21.160 2.2 97.5 
     
Independent     
   Violent crimes in 0.5-mile buffer radius 54.129 33.866 1 168 
   Pupil-to-teacher ratio 14.700 2.376 4.6 20.9 
   Percent minority 87.782 19.439 8.716 100 
   Percent free and reduced lunch 83.310 18.928 21.311 99.835 
   School is Elementary School 0.745 0.436 0 1 
   School is Middle School 0.092 0.289 0 1 
   School is High School 0.153 0.360 0 1 
   Data are from 2008-2009 0.324 0.469 0 1 
   Data are from 2009-2010 0.333 0.472 0 1 
   Data are from 2010-2011 0.342 0.475 0 1 
 
For each set of schools, I consider the percentage of students scoring proficient or 
advanced on the state reading and math tests as the dependent variables. Each model is clustered 
by school, to account for nonindependence (since each school is included more than once for 
different years). I also include a dummy variable for two of the years (2010 and 2009, with 2011 
omitted), and dummies for two out of three levels of schooling (whether or not a school is an 
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elementary school and whether or not a school is a high school, with the middle school category 
omitted). This allows me to control for unknown year- or grade-related factors that may affect 
the schools’ performance. These four models provide some support to my hypothesis, as the 
coefficient for the violence variable is negative and statistically significant in three out of four of 
the models. Table 7 presents regression results for the four models.  
Table 7. Regression Models 1-4 (Philadelphia) 
  0.5-Mile Buffer Radius Models 
  3-Year Model (SY 2008-2009, SY 2009-2010, SY 2010-2011) 
  All Schools  Traditional Public Schools 
  (1) Reading Scores (2) Math Scores  (3) Reading Scores (4) Math Scores 
Violent Crime  -0.075*** -0.040   -0.116*** -0.099*** 
  (0.028) (0.028)   (0.029) (0.029) 
Pupil-to-teacher ratio 1.296*** 1.110***   0.388 0.079 
  (0.365) (0.411)   (0.333) (0.384) 
Percent minority -0.240*** -0.271***   -0.274*** -0.332*** 
  (0.039) (0.043)   (0.039) (0.044) 
Percent free and reduced lunch -0.268*** -0.208***   -0.142*** -0.031 
  (0.049) (0.050)   (0.054) (0.049) 
Elementary School (dummy) -2.412 5.731**   0.120 9.684*** 
  (2.328) (2.466)   (2.839) (2.826) 
High School (dummy) -12.117*** -18.543***  -20.064*** -25.511*** 
  (3.134) (3.459)  (3.300) (3.671) 
2010 (dummy) -0.513 -0.954   -0.749 -0.995 
  (0.628) (0.679)   (0.642) (0.678) 
2009 (dummy) -5.673*** -7.449***   -3.257*** -4.557*** 
!! (1.006) (1.013)   (0.974) (0.940) 
(Constant) 83.139*** 83.828***   88.189*** 88.656*** 
  (7.632) (8.602)   (6.816) (8.000) 
R-Squared 0.401 0.414  0.495 0.572 
N 882 882   675 675 
Robust standard errors in parentheses     
***p<0.01, **p<0.05, *p<0.1     
 
Models 1 and 2: All Schools 
Model 1 examines reading test scores in Philadelphia as the dependent variable, and 
explains 40.1 percent of the variation in these scores (with a r-squared of 0.401). The model F-
statistic has a p-value of 0.000, indicating that the model as a whole has statistical power to 
explain variation in the dependent variable. In terms of the relationship between violent crime, 
the independent variable of interest, and test scores, the model predicts that a unit increase in the 
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number of violent crimes occurring within a 0.5-mile radius of the school is associated with a 
0.075 percentage point reduction in the percentage of students scoring “proficient” or 
“advanced” on the reading PSSA. This result is statistically significant at the 0.01 level, and it is 
substantively meaningful as well. It implies that a standard deviation (32.879) increase in violent 
crime would be associated with a 2.47 percentage point decrease in the percentage of students 
scoring proficient or advanced on the test. This is about 13 percent of a standard deviation in this 
dependent measure.  
The percent of students within the school who are minorities and the percent of students 
receiving free and reduced lunch at the school (a proxy measure for socioeconomic status) both 
have a statistically significant negative association with reading scores (while holding the other 
variables in the model constant). Both the demographic effect and the poverty effect are expected 
and have been well-documented in the literature. The coefficient for the pupil-to-teacher ratio 
variable is positive and statistically significant at the 0.01 level, a somewhat surprising finding—
I would expect that schools with more staff members to attend to student needs would see higher 
test scores. However, higher pupil-to-teacher ratios can also occur in larger schools with more 
enriching and diverse opportunities, which could also be associated with better environments for 
learning.  
Interestingly, when PSSA math scores (specifically, the percentage of students scoring 
proficient or advanced on the test) are considered as the dependent variable in Model 2, the 
results are somewhat different. With an r-squared of 0.414 and a model F-statistic significant at 
the 0.01 level, it is clear that Model 2 as a whole also explains variation in math scores. There is 
one key difference between Model 2 and Model 1. In Model 2, the violence variable’s coefficient 
is still negative, but it has a smaller magnitude than the reading model (-0.040 as opposed to -
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0.075) and is not statistically significant. This would suggest that the buffer measure of 
proximity to violence is not as strongly associated with math scores as it is with reading scores. 
The other variables have roughly the same magnitude, sign, and statistical significance level as 
the variables in the reading score model.  
Models 3 and 4: Traditional Public Schools Only 
Models 3 and 4 consider a more limited universe of schools, only taking into account 
schools that are not magnet or charter schools. Model 3 has slightly better model fit than its 
counterpart Model 1 (with a r-squared value of 0.495). In this case, the coefficient for the 
violence buffer measure is negative and statistically significant at the 0.01 level. The coefficient 
is -0.116, indicating that a unit increase in violent crimes contained within the buffer radius for 
the year in question is associated with a 0.116 percentage point decrease in the portion of 
students scoring proficient or advanced on PSSA reading tests. Put another way, a standard 
deviation increase in violence is associated with a 3.93 percentage point decrease in the test score 
measure, which is about 20 percent of a standard deviation in the test measure. The student 
characteristic control measures (percent minority and free and reduced lunch) remain negative 
and statistically significant, but pupil-to-teacher ratio is not significant in this model.  
Like Model 3, Model 4 has slightly better overall fit than its counterpart that includes 
different types of schools (with an r-squared of 0.572). The coefficient for the violence variable 
is negative and statistically significant at the 0.01 level. This model predicts that, while holding 
the other variables in the model constant, a unit increase in the crime measure is associated with 
a 0.099 percentage point decrease in math scores. Put differently, a standard deviation increase in 
violence is associated with a 3.35 percentage point decrease in math scores (while holding all 
other variables in the model constant). In this model, the free and reduced lunch variable loses 
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explanatory power, and is no longer statistically significant. The percent minority variable retains 
its negative sign and statistical significance.  
Philadelphia: Buffer Radius Models, 2012-2013 
Next, I consider a series of models (models 5-8) that uses only one year of data (2012-
2013 school year) but capitalizes on other variables available for this year to investigate a 
different combination of factors. Tables 8 and 9 present descriptive statistics for the two subsets 
of schools considered in models 5-8. Table 10 presents regression results for these models. Two 
of the four coefficient estimates for these models are statistically significant—the coefficients in 
the two reading score models. 
Table 8. Descriptive statistics for all schools in Philadelphia, 2012-2013 
Variables Mean Std. Dev. Min Max 
Dependent     
   Percent proficient or advanced, reading test 46.018 20.197 0 99.82 
   Percent proficient or advanced, math test 46.934 21.545 0 99.41 
     
Independent     
   Violent crimes in 0.5-mile buffer radius 50.971 34.977 0 178 
   Percent economically disadvantaged (12-13 only) 83.701 18.313 16.22 100 
   Average teacher years of experience (12-13 only) 10.850 3.851 2.96 22.57 
   Percent English language learners (12-13 only) 5.967 7.970 0 42 
   School is Elementary School 0.630 0.484 0 1 
   School is Middle School 0.091 0.288 0 1 
   School is High School 0.214 0.411 0 1 
   Data are from 2008-2009 0 0 0 1 
   Data are from 2009-2010 0 0 0 1 
   Data are from 2010-2011 0 0 0 1 
   Data are from 2012-2013 1 0 0 1 
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Table 9. Descriptive statistics for traditional public schools in Philadelphia, 2012-2013 
Variables Mean Std. Dev. Min Max 
Dependent     
   Percent proficient or advanced, reading test 39.413 16.200 0 90.74 
   Percent proficient or advanced, math test 41.260 18.814 0 88.82 
     
Independent     
   Violent crimes in 0.5-mile buffer radius 51.102 34.954 0 178 
   Percent minority 87.928 18.800 12.97 100 
   Percent economically disadvantaged 88.102 16.072 24.96 100 
   Average teacher years of experience  12.295 3.170 3.62 22.57 
   Percent English language learners  7.466 8.478 0 42 
   School is Elementary School 0.740 0.440 0 1 
   School is Middle School 0.088 0.284 0 1 
   School is High School 0.158 0.366 0 1 
   Data are from 2008-2009 0 0 0 1 
   Data are from 2009-2010 0 0 0 1 
   Data are from 2010-2011 0 0 0 1 
   Data are from 2012-2013 1 0 0 1 
 
Table 10. Regression Models 5-8 (Philadelphia) 
 0.5-Mile Buffer Radius Models 
 1-Year Model (SY 2012-2013) 
 All Schools  Traditional Public Schools 
 (5) Reading Scores (6) Math Scores  (7) Reading Scores (8) Math Scores 
Violent Crime  -0.064* -0.029   -0.075*** -0.042  
  (0.036) (0.033)   (.026) (0.026) 
Percent minority -0.188*** -0.220***    -0.283*** -0.347*** 
  (0.051) (0.053)   (.056) (0.054) 
Percent economically disadvantaged -0.558*** -0.592***   -0.320*** -0.291*** 
  (0.068 ) (0.070)   (0.079) (0.063) 
Teachers' average years of experience -0.056 -0.286  0.794** 0.799**  
 (0.265) (0.281)  (0.324) (0.310) 
Percent English Language Learners -0.033  0.161   0.141* 0.329*** 
  (0.103) (0.105)   (0.074) (0.083) 
Elementary School (dummy) -2.874 0.177   -1.609  2.390 
  (2.476) (2.677)   (2.594) (2.715) 
High School (dummy) 0.862 -14.852***   -7.191** -21.744*** 
  (3.509) (3.668)   (3.504) (3.353) 
(Constant) 114.928*** 122.491***    87.866***  88.930*** 
  (4.895)  (5.316)   (9.275) (6.816) 
R-Squared 0.485 0.4912  0.617 0.700 
N 308 308    215 215 
Robust standard errors in parentheses      
***p<0.01, **p<0.05, *p<0.1      
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Models 5 and 6: All Schools 
In Model 5, I consider reading scores at all schools in Philadelphia (including charters 
and magnets). The coefficient on the independent variable of interest, the violence measure, is 
negative and statistically significant at the 0.1 level. At 0.064, this result suggests that a unit 
increase in violent crimes contained within the buffer zone for this year is associated with a 
0.064 percentage point decrease in reading scores, while holding the other variables in the model 
constant—or, a standard deviation increase in the violence measure is associated with a 5.23 
percentage point decrease in reading scores. The other variables in the model behave as 
expected; percent minority and percent economically disadvantaged both have negative and 
statistically significant associations with reading scores. This model includes two new variables--
teachers’ average years of experience, and the percent of English language learners in the 
school—that were not included in the previous three-year models (1, 2, 3, and 4), but neither of 
their coefficients is statistically significant.  
Examining math scores with the same model (Model 6) reveals a slightly different result. 
While the overall model fit is still relatively good, the coefficient on the violence variable ceases 
to be statistically significant (though, at 0.029, it is still negative). The other variables in the 
model retain the same coefficient sign and statistical significance, and similar magnitudes. It 
appears as though violence has a weaker association with math scores than it does with reading 
scores. 
Models 7 and 8: Traditional Public Schools Only 
When I restrict the sample to not include charter and magnet schools, the results are 
somewhat different. In Model 7, which examines reading scores as the dependent variable, the 
model fit is better. The r-squared value rises from 0.485 to 0.617. Again, this seems to suggest 
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that the measures I am using may more accurately describe trends at traditional public 
neighborhood schools. When I restrict the sample to just these schools, multiple variables gain 
significance. First of all, the coefficient for the violence measure remains negative (at 0.075) and 
is now statistically significant at the 0.01 level. Percent minority and percent economically 
disadvantaged are both statistically significant at the 0.01 level, and negative. The measure of 
teacher experience gains significance (at the 0.05 level), and is positive, which is as expected--
more teacher experience is associated with higher test scores. Interestingly, the measure of the 
percentage of students at the school who are English language learners also has a positive 
coefficient, indicating that higher levels of ELL students are associated with better reading 
scores. This is a curious result, possibly having something to do with the extra resources brought 
in to help ELL students.  
Finally, the model examining 2013 PSSA math scores as the dependent variable (Model 
8) also has better model fit when the sample is restricted to “traditional” public schools and 
charters and magnets are excluded (the r-squared is 0.700, as opposed to 0.491 when all schools 
were included). In this model, the coefficient on the violence variable is not statistically 
significant, although it is negative (0.041). Otherwise, this model looks similar to Model 7; 
percent minority and percent economically disadvantaged are significantly negatively associated 
with math scores, while teacher years of experience and the number of ELL students are 
significantly positively associated with math scores.  
 
Philadelphia: Attendance Boundary Models 
Next, I consider two models (Models 9 and 10) that use the measure of violence 
calculated using school attendance boundaries (operationalized as the number of violent crimes 
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per 100 people occurring within the boundary during the school year). I only consider 
“traditional” public schools in this model, not charters and magnets, because the school 
attendance boundary measure is dependent on neighborhood schools being fed by adjacent 
catchment zones. Table 11 presents descriptive statistics for the schools included in the models, 
and Table 12 displays regression results from these models. These models both provide support 
for my hypothesis, as the coefficient for the violence variable in each model is negative and 
statistically significant in each model. 
Table 11. Descriptive statistics, Philadelphia attendance boundaries, 2009-2010 
Variables Mean Std. Dev. Min Max 
Dependent     
   Percent proficient or advanced, reading test 47.019 17.816 6.3 85.4 
   Percent proficient or advanced, math test 54.949 21.513 2.2 92.2 
     
Independent     
   Violent crimes per 100 people in school attendance boundary 0.371 0.204 0.028 0.912 
   Pupil-to-teacher ratio 14.014 2.060 7.92 20.21 
   Percent minority 87.865 19.617 8.768 100 
   Percent free and reduced lunch 85.946 18.774 22.108 99.828 
   School is Elementary School 0.770 0.422 0 1 
   School is Middle School 0.099 0.299 0 1 
   School is High School 0.131 0.339 0 1 
   Data are from 2008-2009 0 0 0 1 
   Data are from 2009-2010 1 0 0 1 
   Data are from 2010-2011 0 0 0 1 
   Data are from 2012-2013 0 0 0 1 
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Table 12. Regression Models 9-10 (Philadelphia) 
  School Attendance Boundary Model 
 SY 2009-2010 
 Traditional Public Schools 
  Reading Scores Math Scores 
Violent Crime  -23.119*** -16.526*** 
  (5.445) (5.980) 
Pupil-to-teacher ratio 0.834* 0.518 
 (0.456) (0.519) 
Percent minority -0.303*** -0.373*** 
 (0.042) (0.050) 
Percent free and reduced lunch 0.009 0.034 
 (0.050) (0.056) 
Elementary School (dummy) -0.559 9.50** 
 (3.418) (3.749) 
High School (dummy) -23.197*** -28.054*** 
 (3.799) (4.608) 
(Constant) 73.239*** 80.016*** 
 (9.082) (10.261) 
Adjusted R-squared 0.538 0.596 
N 213 213 
Robust standard errors in parentheses  
***p<0.01, **p<0.05, *p<0.1   
 
In Model 9, the coefficient on this violence measure is negative and statistically 
significant at the 0.01 level. The coefficient is a striking -23.119, indicating that a unit increase in 
violent crimes per 100 people in the boundary is associated with a 23.119 percentage point 
decrease in reading scores. If one considers a standard deviation increase in the violence per 100 
people measure, this is associated with around a 12 percentage point decrease in reading scores, 
which is around two thirds of a standard deviation in that measure.  
Model 10 exhibits almost the same results as the reading score model. The r-squared is 
relatively high (0.596), and the same variables have statistically significant associations with the 
dependent variable of math scores. The violent crime coefficient is again negative and 
statistically significant, still at the 0.01 level. Substantively, this coefficient indicates that a unit 
increase in the violent crime measure, while holding the other variables in the model constant, is 
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associated with a 16.526 percentage point decrease in math scores—or, a standard deviation 
increase in violence is associated with around an 8 percentage point decrease in math scores.  
 
Atlanta Results: Buffer Radius Models 
Next, I consider two pairs of models that use the buffer radius measure of violence, 
including data from two school years (2009-2010 and 2010-2011) in Atlanta. One pair of models 
(models 11 and 12) considers all schools in Atlanta, including “nontraditional” ones such as 
magnet schools and charter schools. Table 13 presents descriptive statistics for these schools. 
The other pair of models (models 13 and 14) considers only traditional, public, neighborhood 
schools--those that were not identified as magnet or charter schools. Table 14 presents 
descriptive statistics for these schools. Table 15 presents ordinary least squares regression results 
for models 11-14. 
Table 13. Descriptive statistics for all schools in Atlanta, 2009-2010 & 2010-2011 
Variables Mean Std. Dev. Min Max 
Dependent         
   Percent proficient or advanced, reading test 86.56 7.96 65.80 100.00 
   Percent proficient or advanced, math test 70.79 14.13 20.80 100.00 
     
Independent     
   Violent crimes in 0.5-mile buffer radius 17.46 15.74 0.00 70.00 
   Pupil-to-teacher ratio 13.30 1.99 7.88 18.03 
   Percent minority 90.93 20.49 23.82 100.00 
   Percent free and reduced lunch 80.66 25.55 8.03 99.52 
  Average teacher salary 59234.13 4166.65 39137.30 66586.61 
  Per-pupil expenditures 10525.09 6708.04 444.40 61049.34 
  Average teacher years of experience 10.59 3.28 0.00 16.37 
   School is Elementary School 0.61 0.49 0 1 
   School is Middle School 0.18 0.39 0 1 
   School is High School 0.20 0.40 0 1 
   Data are from 2009-2010 0.49 0.50 0 1 
   Data are from 2010-2011 0.51 0.50 0 1 
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Table 14. Descriptive statistics for traditional public neighborhood schools in Atlanta,  
2009-2010 & 2010-2011 
Variables Mean Std. Dev. Min Max 
Dependent         
   Percent proficient or advanced, reading test 86.05 8.00 65.80 100.00 
   Percent proficient or advanced, math test 71.04 14.04 20.80 100.00 
     
Independent     
   Violent crimes in 0.5-mile buffer radius 17.85 15.78 0 70 
   Pupil-to-teacher ratio 13.22 1.87 8.78 18.03 
   Percent minority 91.55 20.73 23.82 100.00 
   Percent free and reduced lunch 83.16 25.38 8.03 99.52 
  Average teacher salary 59644.62 3402.65 39137.30 66586.61 
  Per-pupil expenditures 9898.82 4956.28 3588.38 46869.46 
  Average teacher years of experience 11.00 2.80 0.00 16.37 
   School is Elementary School 0.68 0.47 0 1 
   School is Middle School 0.19 0.39 0 1 
   School is High School 0.13 0.33 0 1 
   Data are from 2009-2010 0.49 0.50 0 1 
   Data are from 2010-2011 0.51 0.50 0 1 
 
Table 15. Regression Models 11-14 (Atlanta) 
  0.5-Mile Buffer Radius Models 
  SY 2009-2010 and 2010-2011 
  All Schools  Traditional Public Schools 
  (11) Reading Scores (12) Math Scores  (13) Reading Scores (14) Math Scores 
Violent Crime  -0.037 -0.062   -0.0437  -0.078  
  (0.040) (0.058)   (0.0471) (0.067) 
Pupil-to-teacher ratio -0.285 -0.114   -0.449 -0.387  
  (0.281) (0.524)   (0.303) (0.517) 
Percent minority 0.201*** 0.258***   0.267*** 0.379*** 
  (0.055) (0.090)   (0.069) (0.122) 
Percent free and reduced lunch -0.347*** -0.536***    -0.413*** -0.660*** 
  (0.054) (0.083)   (0.064) (0.110) 
Average teacher salary 0.000 0.001   0.000 0.001 
  (0.000) (0.000)   (0.000)  (0.001)  
Per-pupil expenditures 0.000 -0.000    0.000  0.000 
  (0.000) (0.000)   (0.000) (0.000)  
Teachers' average years of experience -0.516 -0.989    -0.439 -1.097 
  (0.329) (0.600)  (0.422) (0.744) 
Elementary School (dummy) -3.676*** -1.521  -3.822*** -1.479 
  (1.179) (1.918)  (1.264) (1.935) 
High School (dummy) -2.768 -9.378**  -1.487  -6.131  
  (1.875) (3.625)  (2.848) (5.352)  
2010 (dummy) -0.397 -4.345***  0.201  -4.330*** 
!! (0.470) (0.872)   (0.482)  (0.977)  
(Constant) 93.633*** 68.909***   97.180*** 70.672** 
  (12.329) (25.854)   (15.104) (32.550) 
R-Squared 0.563 0.570  0.573 0.599 
N 169 169   143 143 
Robust standard errors in parentheses     
***p<0.01, **p<0.05, *p<0.1      
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Within each broad category of schools, I consider reading scores (the percentage of 
students meeting or exceeding expectations on the state reading test) or math scores (the 
percentage of students meeting or exceeding expectations on the state mathematics test) as the 
dependent variable. Each model is again clustered by school, and dummy variables are included 
for one of the years (2010) and two out of three levels of schooling (whether or not a school is an 
elementary school and whether or not a school is a high school, with the middle school category 
omitted). These four models do not support my hypothesis; the coefficients on the violence 
variable are negative, but not statistically significant in any of the four models.  
Models 11 and 12: All Schools 
Model 11’s overall fit statistics are quite good. The r-squared is 0.563, indicating that 
56.3 percent of the variation in reading scores for Atlanta in these years is explained by the 
model. The p-value for the model F-statistic is 0.000, indicating that we can strongly reject the 
null hypothesis that none of the independent variables included in the model help to explain the 
variation in the dependent variable. The dependent variable of interest, the violent crime buffer 
measure, has a coefficient of -0.037, which is in the direction I hypothesized; however, this 
coefficient is not statistically significant. Only two of the independent variables are significant--
the percent of students in the school who are minorities, and the percent of students in the school 
receiving free and reduced lunch. The percent of minorities in a school has a statistically 
significant positive association with reading scores, while the percent of students who receive 
free and reduced lunch has a statistically significant negative association with the scores. Neither 
of the finance-related variables, nor the teacher quality-related variables, are statistically or 
substantively significant. 
Model 12, looking at math scores for the same schools and the same years as model 11, 
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also has quite good model fit statistics. With a r-squared of 0.570 and a p-value for the model F-
statistic of 0.000, it appears that the model explains about 57.0 percent of the variation in math 
scores for these schools in these years, and we can strongly reject the hypothesis that the model 
has no explanatory power in predicting variation in the dependent variable. The coefficient on 
the main independent variable of interest, the buffer radius measure of proximity to violence, is -
0.062; it is again negative, as predicted, but not statistically significant. As in Model 11, percent 
minority has a positive and statistically significant association with math scores, while percent 
free and reduced lunch has a negative and statistically significant association with the dependent 
variable. Neither of the finance-related variables, nor the teacher quality-related variables, are 
statistically or substantively significant.  
Models 13 and 14: Traditional Public Schools Only 
Examining only “traditional” public schools’ reading scores in Atlanta yields similar 
results. The overall model fit for Model 13 is good, with an r-squared of 0.573 and a p-value for 
the model F-statistic of 0.000. The coefficient for the buffer radius violence variable is -0.044—
again negative, but not statistically significant. Percent minority again has a positive and 
significant association with reading scores in these schools, and percent free and reduced lunch 
has a significant negative association. The other variables (teacher salary, per-pupil expenditures, 
teacher years of experience, and pupil-to-teacher ratio) remain statistically insignificant in the 
model.  
In Model 14, examining math scores in the same set of schools yields similar results to 
Model 13 and to the rest of the Atlanta buffer radius models. The model again has good model 
fit, with an r-squared of 0.599 and a model F-statistic with a p-value of 0.000. The coefficient of 
interest, on the buffer radius violent crime variable, is again negative, but again statistically 
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insignificant—indicating that, while holding the other variables in the model constant, the level 
of violence within a school’s buffer radius is not significantly associated with math scores for 
these schools in the 2009-2010 and 2010-2011 school years. The same variables are statistically 
significant as in models 11, 12, and 13--percent minority is positive and significant, while 
percent free and reduced lunch is negative and significant. Again, none of the resource- or 
teacher-related variables are statistically significant.  
 
Atlanta Results: Attendance Boundary Models 
Next, I consider two models (models 15 and 16) that use the attendance boundary 
measure of proximity to violence. Both of these measures support my hypothesis; the coefficient 
for the violence variable is negative and statistically significant in both cases. Table 16 presents 
descriptive statistics for these two models, and Table 17 presents regression results.  
Table 16. Descriptive statistics for Atlanta attendance boundaries, 2009-2010 
Variables Mean Std. Dev. Min Max 
Dependent         
   Percent meeting or exceeding expectations, reading test 86.20 7.80 67.60 100.00 
   Percent proficient or advanced, math test 69.31 13.29 45.70 98.20 
     
Independent     
   Violent crimes per 100 people in school attendance boundary 0.67 0.43 0.04 2.17 
   Pupil-to-teacher ratio 13.11 1.80 8.78 18.03 
   Percent minority 91.86 20.61 23.82 100.00 
   Percent free and reduced lunch 83.82 25.37 8.03 99.52 
   Average teacher salary 59589.95 2638.07 53140.08 66228.97 
   Per-pupil expenditures 10203.76 5551.04 3588.38 46869.46 
   Average teacher years of experience 10.79 2.45 5.58 16.37 
   School is Elementary School 0.70 0.46 0 1 
   School is Middle School 0.18 0.39 0 1 
   School is High School 0.12 0.33 0 1 
   Data are from 2009-2010 1 0 0 1 
   Data are from 2010-2011 0 1 0 1 
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Table 17. Regression Models 15-16 (Atlanta) 
 
  School Attendance Boundary Model 
  SY 2009-2010 
  Traditional Public Schools 
  (15) Reading Scores (16) Math Scores 
Violent Crime  -3.716* -7.648***  
  (1.875) (2.747) 
Pupil-to-teacher ratio -0.515 -0.507 
  (0.362) (0.583) 
Percent minority 0.174** 0.237** 
  (0.073) (0.117) 
Percent free and reduced lunch -0.303*** -0.510***  
  (0.074) (0.114) 
Average teacher salary 0.000 0.000 
  (0.001) (0.001) 
Per-Pupil Expenditures 0.000 -0.000 
  (0.000) (0.000) 
Teachers' average years of experience -0.320 -0.081 
 (0.560) (0.970) 
Elementary School (dummy) -3.478** -3.886* 
  (1.406) (2.246) 
High School (dummy) 0.878 -4.598  
!! (3.023) (4.542) 
(Constant) 106.448*** 103.404** 
  (26.582) (46.639) 
R-squared 0.566 0.665 
N 73 73 
Robust standard errors in parentheses  
***p<0.01, **p<0.05, *p<0.1   
 
Apart from the measure of violence, these models include the same independent variables 
as the buffer radius models (11, 12, 13 and 14). Since attendance boundaries are only available 
for the 2009-2010 school year, this model only includes this year. Furthermore, this model only 
includes traditional public neighborhood schools, since the attendance boundary measure only 
makes sense conceptually for these types of schools. These models tell a different story from the 
buffer radius models; they both indicate support for my hypothesis. 
Model 15 uses as its dependent variable reading scores in the 2009-2010 school year in 
Atlanta. Overall, the model has strong explanatory power in terms of accounting for variation in 
reading scores. The r-squared value of 0.566 indicates that 56.6 percent  of the variation in 
reading scores can be explained by the variables in the model, while the model F-statistic’s p-
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value of 0.000 indicates that we can confidently reject the hypothesis that none of the variables 
in the model have any explanatory power. In this case, the coefficient on the independent 
variable of interest, the number of violent crimes per 100 people in the school’s attendance 
boundary, is statistically and substantively significant, and supports my main hypothesis. The 
coefficient is -3.716, and it is significant at the 0.01 level. Substantively, this means that, while 
holding all of the other variables in the model constant, an increase of one crime per 100 
residents of a school’s attendance boundary is associated with a 3.716 percentage point decrease 
in the portion of students meeting or exceeding standards on reading tests at the school. A 
standard deviation increase in the violent crime variable (0.43 more crimes per 100 people) is 
associated with a decrease of 1.47 percentage points in the reading score measure--or about 20 
percent  of a standard deviation in that measure. When high-stakes accountability policies are in 
place that set test score cutoffs for certain consequences for schools, a difference in a few 
percentage points can make a large substantive difference.  
Besides for the difference in significance in the violence variable, this model behaves 
much like the buffer radius models for Atlanta. The percent minority coefficient is positive and 
statistically significant at the 0.05 level, and the socioeconomic status proxy variable coefficient 
is negative and statistically significant at the 0.01 level. The resource variables and the teacher 
quality variables are neither statistically nor substantively significant.  
When the same model is run with math scores as the dependent variable, similar results 
emerge. Model 16 has good overall model fit; the model explains 66.5 percent of variation in the 
math score variable, and the model F-statistic has a p-value of 0.000 indicating that we should 
strongly reject the hypothesis that none of the variables in the model have any explanatory 
power. Most importantly, the coefficient on the violent crime measure is again statistically and 
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substantively significant, even more so than in the reading score model. The coefficient for the 
variable is -7.648, and it is significant at the 0.01 level. Substantively, this means that a unit 
increase in violent crimes per 100 residents of a school’s attendance boundary, while holding all 
of the other variables in the model constant, is associated with a 7.648 percentage point decrease 
in the students meeting or exceeding expectations on math tests at that school. A standard 
deviation increase in the violent crime variable is associated with a 3.29 percentage point 
decrease in this “meets and exceeds” measure, which is almost half of a standard deviation in test 
scores.  
The other results in the model are very similar to the results in the reading scores model. 
Percent minority is significantly positively associated with math test outcomes, and percent free 
and reduced lunch is significantly negatively associated with these outcomes. Yet again, none of 
the teacher or resource variables take on statistical or substantive significance.  
 
Discussion 
Ultimately, these models provide a substantial amount of support for my hypothesis that 
school proximity to violence is negatively associated with student achievement on standardized 
assessments at the school level. Across sixteen models with different specifications, all 
coefficients on the variable representing proximity to violence were negative, and nine out of 
sixteen were statistically significant. There are significant results for both cities, different years, 
and multiple model specifications; my hypothesis is supported in a relatively broad context. 
However, among these models, important differences and nuances emerge.  
First of all, proximity to violence was on the whole more likely to be a statistically 
significant predictor of reading scores than math scores. This may be due to differences in ways 
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schools measure these two skills, or perhaps there are developmental factors that lead children’s 
reading skills to be more strongly associated with environmental factors than math skills. It is 
possible that the violence variable is correlated with other family- and home life-related variables 
that I do not account for, and that reading scores are more influenced by family factors than math 
scores.   
In addition, the models that only considered traditional public schools (excluding charters 
and magnet schools) had better overall model fit and, in general, exhibited stronger statistical 
power—even with lower n-sizes. I believe this may indicate that the measures used in my model 
for student achievement, school and teacher quality, and school resources may be more 
uniformly applicable to “regular” public schools than to charters and magnets. These variables 
may also be more uniformly measured in traditional public schools. Furthermore, my theory 
about exposure to neighborhood violence is more solidly applicable to schools where students 
live in close proximity to the school.  
This relates to another difference evident in my models: the difference between the 
attendance boundary measure and the buffer radius measure. In every model where I used the 
attendance boundary measure as my independent variable representing violence exposure, this 
variable’s β coefficient was consistently statistically significant at a significance level of at least 
0.05. However, the models that used the buffer radius measure to represent proximity to violence 
were much more of a mixed bag—the coefficients were always negative, but were only 
statistically significant in five of twelve models. This difference may be due to differences in 
sample or variable selection among the models, but it also may point to a substantive difference 
in what these two variables are measuring. The buffer radius measure includes violent incidents 
that occur in close geographic proximity to a school, while the attendance boundary measure 
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includes violence occurring where students live as well. Perhaps the boundary measure is more 
statistically significant in predicting school performance because it more accurately measures the 
aggregate exposure to violence of the children at the school, painting a more holistic picture of 
conditions of danger faced by all of the students at the school. It is also possible that these 
findings reveal an intrinsic flaw in the buffer radius measure. Since a school can be located near 
the city’s border, its buffer radius can contain a significant amount of area that is highly unlikely 
to contain crime data points—either because it falls outside the jurisdiction of the city police 
department and therefore is not included in the data, or because it contains a geographic feature 
such as a river where crime is highly unlikely to occur.  
Given the interesting issues surrounding different ways to operationalize exposure and 
proximity to violence, an interesting extension of my work would be to further investigate the 
different locations where children encounter violence, considering violence within schools as a 
third measure in addition to buffers and attendance boundaries and examining the differences 
among these three operationalizations.  
 
Implications 
If schools in more violent areas perform more poorly on standardized tests, once other 
factors are accounted for, it could have crucial implications for accountability policies that take 
test scores into account. Past efforts to take neighborhood danger into account in accountability 
frameworks, such as the “persistently dangerous” categorization, have fallen short. Holding 
schools accountable for performance without considering these potential effects could result in 
negative consequences for schools in more violent areas that do not meet performance standards. 
In a high-stakes accountability environment, seemingly minute differences in test score outcomes 
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can be highly significant. Often, accountability policy frameworks use test score cutoffs set by 
state authorities to determine policy consequences, and small differences could tip the scales in 
one direction or another for a school. Accountability frameworks assume that schools can be 
held responsible for student test score results. The mechanism is based, at least loosely, on the 
assumption that performance is determined by factors within a school’s control, and that 
instituting negative consequences for schools that fail to meet certain achievement benchmarks 
will incentivize schools to raise performance outcomes. However, the logic of these policies 
could be called into question if factors beyond a school’s control, particularly something as 
uncontrollable as neighborhood violence, have an empirical relationship with school 
performance outcomes.  
The limitations of my study reveal potentially fruitful opportunities for future research. 
First, it is possible that the effects I observed of violent crime may conceal the effects of other 
confounding neighborhood factors that are highly correlated with levels of neighborhood 
violence. For example, a child’s access to enriching resources such as libraries, quality preschool 
programs, and strong adult role models may be neighborhood-dependent, and may be negatively 
correlated with measures of social disorder such as violence. Family variables such as the 
proportion of homes that are headed by a single parent could also be confounding factors. Future 
research could include these variables as controls to see if the effects of proximity to violence 
can still be isolated.  
Second, due to constraints caused by the limited availability of geo-coded crime data, my 
research is necessarily limited to urban areas, which have disproportionately high levels of 
violence relative to the rest of the nation. Since scholars of neighborhood effects insist that 
including diverse types of neighborhoods is crucial in these studies, it would be interesting to see 
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if my findings would hold up if suburban or rural schools were considered. It is possible that 
violent incidents in a place like Newtown, CT—non-urban areas with little history of past 
violence—have a substantively different effect from chronic violence in urban areas. It is 
plausible to believe that consistent violence over time could have a “numbing” effect, and the 
marginal crime in an already violent area would have less of an effect than it would in a very 
safe community.   
Third, my research is also limited in the number of years I am able to consider due to the 
availability of crime and school data. If these data could be attained, expanding analysis to more 
years and investigating whether changes in violence over time are associated with changes in test 
scores could add a valuable new dimension to this study. 
Fourth, is also possible that the ways I measure proximity and violence are not correctly 
capturing student exposure to violent crime. There could be limitations to a method where crimes 
are merely counted within a specified area. Perhaps a weighted measure of violence, taking into 
account how far away a crime is from a school, could more accurately capture the level of 
violence a child is exposed to. It is also possible that I have defined violent crime too narrowly 
by only including the most severe Part I offenses, homicide and aggravated assault. Including 
other types of violent incidents, such as robbery and rape, may paint a more complete picture of 
the environment to which a child is exposed.  
 Finally, it is also possible that standardized test scores are not the most accurate measure 
of student achievement. Test scores have been shown to be extremely volatile from year to year, 
particularly in small schools, and there is debate about how meaningful they are (Kane and 
Staiger 2002). Data from other educational outcomes, such as disciplinary incidents, graduation 
rates, attendance rates, and SAT or ACT scores, are also available. These measures are not 
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always available for all schools, and any measure of student achievement will have flaws, but 
looking into alternative measures beyond test scores could be an interesting path for future 
research in this area. It is also important to remember that while test scores may not fully 
represent a fully meaningful measure of performance in a given year, the fact remains that these 
numbers are used in accountability frameworks to make important decisions about schools.  
Thinking about neighborhood violence in the context of my research can help to refocus 
the conversation about the effects of violence and trauma on children. Discussions about schools 
and violence often center on stories of mass shootings and large-scale national tragedies. While it 
is unquestionably crucial to probe the causes, effects, and broader implications of these events, it 
is also vitally important to remember that violence and trauma affects children in other contexts. 
Furthermore, students are not only affected by incidents occurring on school grounds; violence in 
surrounding and residential neighborhoods matter as well.  
Leaving aside any sort of causal analysis, the descriptive statistics from these crime 
datasets in themselves are extremely sobering. Within 0.5 miles of the most violent Philadelphia 
school, for example, 158 homicides and aggravated assaults occurred in the 2010-2011 school 
year alone. At the same time, for some other schools in the same city, that number is zero, one, 
or two. Children in both Philadelphia and Atlanta live and attend school in close proximity to 
alarmingly high levels of violent crime. It is crucial that we understand more about how these 
tragic incidents affect the youngest and most vulnerable members of society, especially as we 
struggle to achieve educational excellence and equity in all American schools.  
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